The mortality outcome of mechanical ventilation, a key intervention in the critically ill, has been variously reported to be determined by intensive care patient volume. We determined the volume-(mortality)-outcome relationship of mechanically ventilated patients whose records were contributed to the Australian and New Zealand Intensive Care Society Adult Patient Database.
A fter the classic article of Luft et al (1) describing an inverse relationship between surgical mortality and a hospital's surgical volume, the provider volumeoutcome relationship has been a subject of consuming interest to clinicians, administrators, and researchers alike, generating substantial, albeit discordant, literature (2) . Attendant on the contentious health policy implications (3, 4) has been a methodologic debate that has focused on problematic aspects of analysis: inference based on complex surgical or medical conditions (5) ; the provider qualityvolume duality, that is, selective referral vs. practice makes perfect (6, 7) ; the use of administrative vs. clinical data (8, 9) ; statistical methods to account for the clustering of outcomes within providers (10, 11) ; and the tension between crosssectional and longitudinal analyses (12, 13) .
Although a general consensus has developed in support of this volumeoutcome association, more so with surgical procedures, within the critical care paradigm a number of studies using different methodologies have reported a variable volume-(mortality)-outcome relationship (8, 14 -19) . We have previously reported (20) a favorable hospital mortality odds ratio (0.84; 95% confidence in-terval [CI], 0.76 -0.92) with respect to a median annual admission volume of Ͻ711 patients, as opposed to Ͼ711 patients (ventilated and nonventilated) admitted, in the Australian and New Zealand Intensive Care (ANZICS) Adult Patient Database (APD) (21) for the years 1993-2003 for 223,129 patients. We extend this study in the context of a reported mortality reduction associated with mechanical ventilation of patients in high vs. low case-volume hospitals (16) to determine the volume-(mortality)-outcome effect in ventilated patients recorded in the ANZICS APD during years 1995-2009. We paid particular attention to the potential effect of both intensive care unit (ICU) and patient descriptors on this relationship and the method of analysis, outcome clustering within providers (ICUs), nonlinear volumeoutcome effects, and the impact of calendar year.
MATERIALS AND METHODS
As previously described (20) and fully characterized (21, 22) , the ANZICS APD was interrogated to define an appropriate patient set over the time period 1995-2009. In brief, physiologic variables collected in accordance with the requirements of the Acute Physiology and Chronic Health Evaluation (APACHE) III algorithm (23) were the worst in the first 24 hrs after ICU admission, and all first ICU admissions to a particular hospital for the period 1995-2009 were selected. Records were used only when all three components of the Glasgow Coma Scale were provided. Records for which all physiologic variables were missing were excluded, and for the remaining records, missing variables were replaced with the nor-mal range and weighted accordingly. Ventilation status in the database was recorded (yes/ no) with respect to invasive mechanical ventilation on or within the first 24 hrs of ICU admission. ICU and hospital length of stay, initially recorded in hours, were transformed to fractional days. Exclusions were: unknown hospital outcome; patients with an ICU length of stay Յ4 hrs; and patients aged younger than 16 yrs. Access to the data was granted by the ANZICS Database Management Committee in accordance with standing protocols; local hospital (The Queen Elizabeth Hospital) Ethics of Research Committee approval was waived.
Mean annual ("annualized" (16)) volume was determined for each ICU recorded in the database and was considered as a continuous variable, as was calendar year. Categorical predictors were parameterized as indicator variables with the reference level (ϭ 0) indicated in parentheses in the following list: gender (female); ICU level, as defined in the ANZICS database (24), as rural/regional, metropolitan, tertiary and private (tertiary); geographical location that is New Zealand and the States of the Commonwealth of Australia (New South Wales, the largest contributor); ICU source, that is, patient transfer from another hospital (no transfer); patient surgical status as postelective surgery, postemergency surgery, and nonsurgical (nonsurgical); and descriptors of ICU admission primary organ system dysfunction, these being a consolidation of the diagnostic categories of the APACHE III algorithm (cardiovascular, gastrointestinal, metabolic, neurologic, respiratory, trauma, renal/genitourinary; [cardiovascular]).
Statistical Analysis
Analyses were performed using Stata software (version 11.1, 2010; Stata, College Station, TX); continuous variables were reported as mean (SD), except when otherwise indicated, and statistical significance was ascribed Estimates of the volume-hospital mortality outcome relationship were obtained via a random coefficient logistic model (intercept as ICU site and "slope" as APACHE III score; unstructured covariance using adaptive quadrature), with the models being estimated via the Stata module "xtmelogit" (25). The annual (ICU) volume was parameterized as a conventional (decile) categorization of the annualized volume, expressed as indicator variables, with the first decile (12,101 admissions per year) as the base category, and using fractional polynomials (Appendix 1) (26) to appropriately account for any nonlinear effect. Specific interactions between the categorical volume effect and calendar year, the APACHE III score (16) , and patient transfer were explored; for effects of interest, point estimates and standard errors were computed by a linear combination of parameter coefficients. Sets of parameter coefficients were tested using a global Wald test (27) and model comparison utilized the Bayesian Information Criterion (28). Model adequacy was gauged by the traditional criteria of discrimination (receiveroperator characteristic curve area) and calibration (Hosmer-Lemeshow statistic), albeit the Hosmer-Lemeshow statistic will invariably be significant (p Ͻ .1 and Hosmer-Lemeshow statistic Ͼ15.99) in the presence of a large number (29). The Brier score was also reported (30) and, after Knaus et al (31), the model chi-squared test was calculated univariately for each variable to adjudge its relative importance (32).
To formally elucidate any nonlinear patient volume effects, separate fractional polynomial models were established (using the same covariate set) for the patient surgical and ICU hospital descriptors. The rationale for this approach was the intrinsic difficulty in interpretation (20) of the "average" covariate method of graphical display and interaction effects in nonlinear and random effect models (33), especially when, for example, nonlinear estimators may be fitted, post hoc, to predicted mortality probabilities (13, 17) ; and to further address the potential confounding of hospital type with annual volume, to the extent that, for example, rural/regional ICUs would not be expected to have high annual volumes. To circumvent these potential problems, the fractional polynomial was specifically included in the model fit of separate random intercept models using the "fracpoly plus" Stata user-written module (34) interfaced with the Stata command "xtlogit." Graphical display used the probability scale, as opposed to the linear log odds of estimation, because the former scale is apposite for clinical interpretation and decision-making. The final covariate set, from which all adjusted models were developed, is given in Appendix 1.
RESULTS
The initial data set comprised 491,324 patients with mean age 60.1 yrs (SD, 18.8 yrs) and APACHE III score 52.4 (SD, 29.6); 57.7% were male and 42.5% (n ϭ 208,810) were ventilated. The ventilated patients were from 136 ICUs in the same number of hospitals and further patient characteristics are seen in Table 1 . Similar details are provided in Table 2 for the cross-tabulation between ICU hospital levels and patient surgical type. Not sur- The most parsimonious model, as adjudged by Bayesian Information Criterion, utilized ICU source as a binary variable, as opposed to a three-level nominal variable (Table 1 ). For the fully covariateadjusted model (Table 3) , the mortality odds ratio was increased with patient de-cile volume increments and decreased across the calendar year span (parameterized as a quadratic). Receiver-operator characteristic curve area and Brier score were acceptable, as was the Hosmer-Lemeshow statistic accounting for the large number. The global test of the volume decile and quadratic year interaction effects was also significant (p ϭ .0001), and estimates of the interaction are seen in Table 3 . With respect to other interactions of note, the APACHE III score demonstrated nonsignificant interactions with both annual volume and hospital level (global Wald tests, p ϭ .36 and p ϭ .35, respectively); ICU source (as a binary variable) had a nonsignificant interaction with hospital level (global Wald test, p ϭ .29) and a significant interaction with annual volume (global Wald test, p ϭ .002). Both of the separate models estimating these interactions had Bayesian Information Criterion values in excess of the base model and were not further en- tertained. Of interest however, the estimates of the volume decile, quadratic year and ICU source interaction effect were little different from those of the base model (see Appendix Table 1 ). The model chi-squared test for the annual patient volume (considered as a continuous variable) was 77.7, notably less than that for age (6666.5), the APACHE III score (57,800), and patient diagnostic and surgical descriptors (as seen in Table 4 ).
Fractional polynomial estimation produced model patient-volume effects consistent with those of the categorical parameterization (Table 3 ). Figure 1 shows the annual volume and calendar year effect over the whole database, with modest mortality increase and decrease across the respective ranges. With respect to patient surgical and ICU hospital descriptors ( Figs. 2 and 3) , there was either a mortality increment across the volume range (nonsurgical patients 19%-27% and tertiary ICUs) or the volume effect was relatively flat with varying low-volume effects (rural/regional and private ICUs). Similar withinhospital patient effects were noted (Appendix, Figs. A1-A4.)
DISCUSSION
The hospital mortality outcome, raw or covariate-adjusted, of ventilated patients in the ANZICS APD 1995-2009 demonstrated a variable relationship with patient annual volume dependent on the level of analysis in conjunction with a calendar year decline in mortality. No convincing evidence was adduced for a general improved mortality across the range of annual patient volume. Furthermore, a modest increase in mortality with volume was evident over the whole database and as determined by certain descriptors, nonsurgical patients, tertiary, and metropolitan ICUs. This finding, in contradistinction to a majority of studies, mandates further explanation.
Our analysis proceeded from a unique perspective, that of a binational database based on prospectively collected clinical data over a prolonged time period (15 yrs). Although we studied a specific clinical intervention, we avoided three recurring criticisms of the plethora of studies addressing the general volume-outcome question, the presentation of crosssectional analyses, the use of administrative data, and limitation of data to particularistic jurisdictions (13, 35, 36) . These limitations apply variously to critical care volume-outcome studies: those addressing only mechanical ventilation in the ICU (8, 16, 18, 37, 38) ; alternate patient diagnoses (14, 19, 39, 40) ; and total ICU patient volumes (15, 17) . The referenced critical care studies were relatively current (2004 -2010) and were conscious of the need to adjust for patient clustering within providers (11, 41) , although this was not specified in two (17, 38) . Our previous study of the ANZICS APD over calendar years 1993-2003 (20) suggested a favorable hospital mortality odds ratio (0.84; 95% CI, 0.76 -0.92) with respect to a median annual admission volume of Ͻ711 patients, as opposed to Ͼ711 pa- tients admitted. The current estimates derived from a different analytic strategy and for ventilated patients only are in agreement with the former and comparable median cut-point estimates and were reproduced in the current data set (odds ratio, 0.90; 95% CI, 0.85, 0.96); however, dichotomization may be a problematic analytic strategy (42). Of interest, our point estimates for the (logarithmic) annual volume effect (odds ratio, 1.12; 95% CI, 1.07-1.17) are in agreement with the adjusted estimates of Gopal et al (odds ratio, 1.11; 95% CI, 0.91-1.35) reporting a 10-yr study from a United Kingdom network database (37).
An impact of jurisdictional healthcare funding on the volume-outcome relationship has also been proposed (36), such that a universal single-payer system, as operative in Canada, would be less likely to demonstrate significant relationships compared with a fee-for-service/ prospective payment system as in (nonfederal) United States hospitals. The postulated mechanisms driving the observed decrease in the number of statistically significant volume-outcome relationships reported from the Canadian vs. the United States experience was that of greater uniformity of health outcomes across hospitals attendant on reduced inter-hospital competition and a greater potential for coordinated health service organization. With respect to volumeoutcome and mechanical ventilation, it is of note that the two studies reporting a lack of evidence for such an inverse relationship were from Canada (nonregionalized critical care services from 126 hospitals in the Ontario province (18) ) and the United Kingdom (16 hospitals from the West Midlands, England (37)). Hospital funding arrangements in Australia and New Zealand were consonant with the Canadian/United Kingdom jurisdic-tions. This being said, there was no demonstrable inverse volume-outcome relationship for the private (fee for service) ICUs included in the ANZICS APD, in which a similar mechanism of interhospital competition could be postulated.
It is also of note that the intra-hospital critical care structure in Australia and New Zealand, that of single multidisciplinary ICUs, differs from that reported by Kahn et al (16) , who analyzed the experience of 104 ICUs in 45 hospitals in the United States APACHE clinical database. In Australia and New Zealand, there is an almost exclusive predominance of single consolidated "closed" ICUs and a long-established uniform training scheme (43), which would also be consistent with a uniformity of practice and expertise across providers (for example, hospital levels (44)) but not generate the differential outcomes (between critical care and noncritical care physicians) re- cently highlighted from the experience in the United States (45, 46). That differences in patient populations, critical care practice, and organizational structure (44) and analytic strategy (47) may explain the contrast between the current study and those demonstrating an inverse volume-outcome relationship (8, 16, 38) is entirely plausible. The particular mechanisms constraining performance at higher input in the database (particularly at the tertiary and metropolitan ICU level) were not identified as, given the specific focus on the database (21), the collection of data as prescribed by the APACHE III algorithm. We were unable to integrate into the analysis over the calendar year span such potential predictors as nursing and medical staffing levels and recruitment, ICU and hospital bed allocation and occupancy, and exit block. However, the interaction of calendar year and annual volume, as a fixed effect, would serve to "adjust" for any presumed temporal innovations in medical care, which could have impacted on the volume-(mortality)-outcome effect.
The observed mortality increase with volume presumably reflects the nexus between various latent variables at the institutional or patient level and jurisdictional factors, such as the distribution of material and human resources and funding arrangements. However, we were unable to demonstrate a significant interaction between annual volume and severity of illness (see Results, above), suggesting that the observed increase in mortality across volume, for some descriptors, was not driven primarily by differential patient severity of illness.
The recurring theme of regionalization based on inverse volume-outcome relationships would appear to be jurisdictionally dependent (48) and lacking foundation in the binational ANZICS APD. Our previous study (20) , which did not consider patient annual volume as a potential predictor, located most of the predictor variation in patient characteristics, and the current analysis suggests that the volume-mortality effect has a relatively minor impact compared with these same patient characteristics (Table 4) .
Inference from our primary analysis stands potentially confounded by hospital type and/or patient category, because each of these descriptors had different patient characteristics and distributions across the database (Table 2) , and by patient misclassification within descriptors. We would presume that the extensive co-variate adjustment undertaken in the primary analysis and the ability of the likelihood-based estimation to accommodate unbalanced data (49) would have addressed any potential confounding, but such may not have been the case (50). This being said, there was a consistent pattern of volume-outcome relationships across hospital levels and patient types, as witnessed by the separate fractional polynomial models (Figs. 2 and 3 ; Appendix, A1-A4). Our statistical analysis also may be contrasted with a general estimating equation approach that has been frequently utilized to adjust for clustered observations (10, 11, 16) , and we have addressed these and other such matters in Appendix 1.
CONCLUSIONS
An inverse volume-(mortality)-outcome relationship was not apparent for ventilated ICU patients in the ANZICS APD. Such a relationship appears conditioned by particular health system jurisdictions. The mechanisms for the observed modest increase in mortality with annual patient volume were not identified but merit further study in detail. ICU source (as a binary variable) with annual volume (as a decile categorical) and hospital level were re-estimated in separate models.
In the presence of informative clustering (volume is the variable of interest and volume is adjusted for in analysis (51)) and missing data (general estimating equation analysis require the assumption of missing completely at random (52)), estimation via general estimating equation may be problematic. We also note recent cautions regarding incorrect shrinkage to the grand mean in random effects analyses in the context of provider rankings (53, 54). This being said, our analytic objective was not that of formal hospital ranking (55). Because our purpose was to report the binational experience of the ANZICS APD over a considerable time period, we found it appropriate to not undertake preliminary trimming of data to exclude outlier hospitals (16) . One consequence of this was an apparent tendency for low-volume curvature of the fractional polynomials with wide CIs at various descriptor levels in the presence of sparse data, although the fractional polynomial was specifically included in the model fit of the separate randomintercept models. Constraining the degrees of freedom of the fraction polynomial in the fitting process would limit this tendency, although it would prejudge any true low-volume effect and may be associated with a degree of estimation bias and higher mean squared error (56).
The percentage of missing data was quite modest at 8%, and we did not think it was necessary to embark on a formal multiple imputation process that would have been computationally prohibitive with such a large data set and random coefficient logistic model based on adaptive (Gaussian) quadrature. As noted in the Discussion, likelihood-based estimation is able to accommodate unbalanced missing-at-random data (49).
We presume that our careful analysis resulted in correct specification of the mean model and the incorporation of the variable calendar time and its interaction with annualized volume addressed any time change in mortality in the database. A potential extension of this approach, not adopted in the current analysis, would be to incorporate the full history of time change in ICU annual volume using lagged annual volume as a time-varying covariate. However, this would require careful and demanding analysis to identify the optimal lag and covariance structure and to address the possibility of endogeneity (57). 
